Objective: Building phenotype models using electronic health record (EHR) data conventionally requires manually labeled cases and controls. Assigning labels is labor intensive and, for some phenotypes, identifying gold-standard controls is prohibitive. To facilitate comprehensive clinical decision support and research, we sought to develop an accurate EHR phenotyping approach that assesses its performance without a validation set.
BACKGROUND AND SIGNIFICANCE
The adoption of Electronic Health Records (EHRs) by healthcare systems has the potential to enable implementation of comprehensive, computational clinical decision support and clinical research [1] [2] [3] [4] . However, EHRs have been designed primarily to support documentation for medical billing rather than being intricately embedded in clinical diagnostic processes [5] [6] [7] , so patients' complex, clinical phenotypes are not natively represented in the rich, accurate, precise format that is important for many analyses [8] [9] [10] [11] . To overcome this limitation, a variety of heuristic and statistical methods have been developed for phenotyping patients based on EHR data 12, 13 . The vast majority of these existing methods require a curated dataset of patients who are completely and accurately labeled with regard to the presence or absence of a phenotype. Such methods require experts to retrospectively review EHR charts and/or prospectively evaluate patients to label them with respect to the phenotype. For many phenotypes, the labor and cost of these processes limit the achievable sample size, compromising the accuracy of potential phenotyping methods.
Such approaches can be improved upon by appreciating that clinical practice workflows are often not symmetric with regards to cases and controls. In practice, for most diseases, only specific patients are actively evaluated based on clinical suspicion. However, the converse is not true; there are very few phenotypes for which everyone is actively screened for, so clinical practice data is frequently insufficient to identify a set of gold-standard controls. As a result, for many phenotypes, the most readily accessible annotations are an incomplete set of gold-standard cases and few or no gold-standard controls. It is highly desirable to develop new phenotyping methods that efficiently and accurately leverage such incomplete phenotyping, or "positive-only" data.
Within this framework, one special case with extremely desirable consequences is when the labeled cases are a random subset of the full set of true cases 14 . This set of cases could be identified through an active labeling process as part of existing clinical care or research. However, a more generalizable strategy that has the potential to decrease the requirement for manual chart review is the use of binary "anchor variables" 15 that summarize clinical domain expertise for classifying patients' phenotype. By definition, an anchor variable has perfect positive predictive value (PPV), but is not required to have high sensitivity. That is, anchor positivity indicates presence of the phenotype, but anchor negativity is non-deterministic of the true phenotype status. The second critically important requirement for an anchor variable is that its sensitivity be independent of all phenotype model predictors. An ideal anchor variable is a structured data element in the EHR that is only present in cases, such as the result of a diagnostic confirmatory test or an order that only follows a definitive diagnosis. For example, a pathologic diagnosis of cancer will in most scenarios have a very high PPV, but perhaps an imperfect sensitivity because of variability in practice or documentation, variability in diagnostic categories, or data incompleteness. For many phenotypes, such definitive diagnostic information may not be available, so surrogates such as diagnosis codes, medications, or note concepts must be considered. Expert knowledge is necessary to select a variable or a composite variable that meets the high PPV and predictor independence requirements 15 .
A method for learning from such positive-only data was proposed by Elkan and Noto 14 . Their method predicted the probability of phenotype presence through estimating the probability that a subject is anchor positive, motivated by a key observation that the two probabilities differ only by a constant factor, the anchor sensitivity. This method requires establishment of the true phenotype status for a random subset of patients to obtain a consistent estimate of the anchor sensitivity and phenotype prevalence. Unfortunately, when phenotype prevalence is low, the advantage of positive-only design is lost because a large validation subsample is needed for accurate estimation of anchor sensitivity. In addition, while this method yields a consistent estimate of phenotype prevalence when the predictor distributions for cases and controls are completely separable 16 , the estimated phenotype probability may fall outside of the [0,1] range if the predictor distributions overlap, compromising the calibration of the resultant prediction model. Another related approach to semi-automated learning of EHR phenotypes assumes random label errors and is most suitable for phenotypes that are not rare. This method does not require a validation sample for modeling, but does to evaluate method performance [17] [18] [19] .
One application for which a positive-only design is advantageous is identifying patients and estimating the prevalence of primary aldosteronism (PA) in a clinical practice. Based on epidemiological studies, PA is the most common cause of secondary hypertension, thought to affect ~5% of hypertensive patients and up to 20% of patients with resistant hypertension [20] [21] [22] . PA can be treated effectively by unilateral adrenalectomy or targeted medications. Previous methodological work has tried to improve the diagnostic evaluation for PA amongst evaluated patients [24] [25] [26] . Unfortunately, PA is not recognized in many affected patients 23 , so methods for EHR phenotyping have the potential to dramatically improve care for these patients.
To enable more efficient and accurate EHR phenotyping in the setting of incomplete clinical training phenotypes, we propose a maximum likelihood method to develop a logistic regression prediction model using positive-only EHR data that does not require an external validation sample for parameter estimation.
We have demonstrated, via extensive simulation and application to identify PA patients in our institution's EHR, that this method develops models that accurately identify unlabeled cases and yields consistent estimates of phenotype prevalence, anchor sensitivity, and model performance.
MATERIALS AND METHODS

Positive-only data
Let denote the binary label for the phenotype (1: case; 0: control), denote a vector of clinical variables that are predictive of , and denote a binary indicator denoting the anchor variable being positive (1:
positive; 0: negative). Here ( , , ) are considered as random variables with joint distribution ( , , ) from which EHR patients, including both anchor-positive cases and unlabeled patients, are randomly drawn. For a well-chosen anchor variable, its high-PPV property can be stated formally as ( = 1| = 1) = 1. But given its imperfect sensitivity, can take either value 1 or 0 when = 0. Let denote the total number of patients. Only ( , ) are observed for all patients. We use a logistic regression working model to relate and which is commonly implemented in the EHR setting, although our method is applicable for any parametric model that is reasonable for modeling binary outcome variables:
Here we allow to include a vector of 1 so that the intercept parameter is implicitly included in the logit function . For notational simplicity, we use ( ; ) to denote ( = 1| ; ). Below, we present the likelihood method when anchor sensitivity is a constant.
Phenotyping with an anchor of constant sensitivity
The constant anchor sensitivity is formalized as conditional independence 15 ,
where c is a constant between 0 and 1. For the population defined by ( , , ), let ( ) denote the cumulative distribution function of , ( ) the corresponding probability density function, and q the phenotype prevalence, i.e. = ( = 1) = ∫ ( ; ) ( ). Let h be the probability of anchor being positive, ℎ = ( = 1). It is easy to show that anchor sensitivity c equals ℎ/ by applying (2) . We propose to estimate odds ratio parameters β and anchor sensitivity c through maximizing the likelihood function, which is the probability of the observed data for the N patients:
As shown in Appendix A, ( , ) are identifiable with positive-only data. The resultant estimates (̂,) can be obtained by maximizing the log likelihood function log ( , ). The large sample variance-covariance matrix of these estimates can be obtained from the inverse of the information matrix. We propose two methods for estimating phenotype prevalence q. Because q can be expressed as ℎ/ , it can be estimated as � = ℎ � /, where ℎ � is the maximum likelihood estimate of ( = 1) and equal to the sample fraction of those with = 1. Alternatively, it can be estimated as the average of the estimated phenotype probabilities,
.
Model calibration and predictive accuracy measures
It is important to validate the performance of model (1) 
A nonparametric estimate of � = 1| < � ,̂� < , = 0� can then be obtained as
Here * can be the MLE derived above, �, which makes the estimate ̂ not completely "nonparametric".
But it can also be an educated guess by clinicians or from other investigations, which is often available for
EHRs. Let ̂� = 1| < � ,̂� < , = 0� denote the model-based estimate of � = 1| < � ,̂� < , = 0�. We have
We propose to compare ̂ and ̂ for assessing model calibration, where similar values of ̂� = 1| < � ,̂� < , = 0� and ̂� = 1| < � ,̂� < , = 0� indicate good calibration.
For a well-calibrated model ( ; ) as indicated by our method above, we study the predictive accuracy of the model among the unlabeled. To evaluate the accuracy of model (1) 
The constant anchor sensitivity requirement warrants that S and X are independent given = 1. Therefore, for the unlabeled is equal to that for anchor-positive cases, = { ( ; ) > | = 1, = 1} .
This implies that for the unlabeled can be estimated using anchor-positive cases as
The is defined and further-rewritten as
. Therefore, it can be estimated similarly as
Where
Similar estimates of , , and are provided in Appendix C. We obtain standard errors of the estimated predictive accuracy measures based on 1000 bootstrap iterations.
Simulation studies
We carried out extensive simulation studies to evaluate the performance of our method (See Supplementary Material, Appendix D). Analyses were restricted to the subset of patients with complete data on included variables, simplistically assuming that the missingness (Table S2) This study was reviewed and approved by the University of Pennsylvania IRB.
Clinical data
RESULTS
Simulation studies
Our proposed method generated consistent and efficient estimates for β, c, q, and predictive accuracy measures across a wide range of phenotype prevalence (Table S3 -S6) and anchor sensitivity (Tables S7,   S8 ). Model lack-of-fit, deviation of the fitted model from the data generating model, could impact the parameter estimation and predictive accuracy. Simulation showed that the parameter estimators were relatively robust to minor model misspecifications, but did deviate with major model misspecifications (Tables S4). To address this, we showed that our proposed method of assessing calibration can detect such deviations (Table S5 ). In addition, since anchor sensitivity is not always fixed, we showed that in the setting of known, multi-level anchor sensitivity, stratified modeling yielded better performance (Table S10-S12).
Application to identify patients with diagnosed primary aldosteronism in EHR data
To identify PA patients in our healthcare system, we extracted EHR data for 6,319 patients who had an order for a PA screening laboratory test, blood aldosterone concentration, between January 01, 1997 and July 01, 2017. We first selected as training cases patients with definitive PA based on a documented history of an AVS procedure, for PA evaluation, or unilateral adrenalectomy, for PA management. We considered two derivations of this composite anchor phenotype, which we will refer to as anchor 1 and anchor 2.
Anchor 1 labeled 101 (2.8%) patients as PA cases and the anchor 2 labeled an additional 34 patients, increasing the set of PA patients to a total of 135 (3.8%). Next, to identify additional PA patients among the unlabeled patients, we considered two rule-based algorithms: presence of 2 or more diagnosis codes or the presence of PA laboratory testing results that meet conservative diagnostic criteria. Based on chart review, these heuristics demonstrated excellent PPVs of 85% and 90%, respectively. However, they appeared to have only modest sensitivity, because they failed to flag all anchor-positive patients.
To identify further PA patients, we trained models using our novel method EHR phenotyping with internally assessable performance (PhIAP) using anchor-positive and unlabeled patients. We first separately developed preliminary logistic regression models trained using each of the anchor phenotypes. We selected and engineered potential predictors based on clinical expertise and univariate logistic regression models for predicting anchor positivity, ultimately including four demographic variables, six variables for laboratory results, eight variables for summarizing encounter metadata, two variables aggregating diagnosis codes, and six variables extracted from unstructured clinical text (Table S2 ). We applied our proposed method, starting with a baseline model that included only variables available at the time of PA diagnostic laboratory screening, including demographics, blood pressure, and time in health system prior to PA screening (Tables   S13, S14 ). Then we serially added further sets of variables until all candidate predictors were included.
Finally, we performed backward stepwise variable selection until all included variables had p-values less than 0.1. Upon determination of a final subset of predictors, we fitted the final prediction model among the 3579 patients who had complete data for these included variables (Tables S15, S16 ). This final population had demographics and laboratory results comparable to that of the full cohort (Table S17 ).
The baseline model using anchor 1 estimated the phenotype prevalence � as 0.30 (estimated asymptotic standard error (SE): 0.05) and anchor sensitivity ̂ as 0.10 (SE: 0.02). This � was much higher than expected. As the subsequent four sets of variables were sequentially added, ̂ became 0.58, 0.64, 0.49 and 0.45, respectively. The corresponding prevalence estimates for � were 0.05, 0.05, 0.07 and 0.08 (Table S13) .
Results were similar when anchor 2 was used to label cases, except that the estimated anchor sensitivities were higher (Table S14) . For both anchors, ̂ and � estimates from the baseline model appeared very different from the subsequent, richer models. To probe the baseline model, we applied our proposed method for evaluating calibration (Table S18 ). The nonparametrically-estimated and model-predicted case numbers in the pre-defined intervals of predicted probabilities were quite different, suggesting poor calibration. For example, the nonparametrically-estimated case number was 69 in interval 0.7 < � ,̂� < 0.8, compared
to model-predicted case number of 43.
For the final model using anchor 1, � was estimated to be 0.08 (SE: 0.01) and ̂ was estimated to be 0.37
(SE: 0.05), which predicted that there were 171 unlabeled PA patients. With Anchor 2, ̂ increased to 0.55 (SE: 0.04), which was expected because Anchor 2 labeled more PA patients. The PA prevalence was estimated to be 0.07 (SE: 0.01). For both anchors, the final prediction model appeared well calibrated, with similar nonparametrically-estimated and model-predicted case numbers in each fixed interval of predicted probabilities ( Table 1) . The final prediction model also appeared to have high discriminatory power. The estimated probabilities of PA presence, ( = 1| ) showed good separation between groups, with anchorpositive cases mostly having high predicted probabilities ( Figure 1 ). In this work, we applied our method to develop models to identify patients with PA. In selecting as anchor variables the PA subtyping diagnostic procedure and surgical treatment, we targeted patients with more severe and actionable disease rather than all PA patients. Thus, based on the conditional independence assumption, our models suggest that amongst screened patients the prevalence of patients with similarly severe PA that are potentially candidates for surgery is approximately 7%. In contrast, while the method should construct models to rule-out phenotypes with a high negative predictive value, our selection of anchor variable is not ideal for this purpose because many patients with PA are not surgical candidates and not all have severe enough disease that they come to clinical attention. In addition, there are likely socioeconomic factors, care variability, and other logistic factors that are associated with anchor positivity.
Properly adjusting for these effects will require more complex anchors and models. One natural extension of this strategy, for similarly complex phenotypes, would be derivation of a separate anchor variable and separate model for definitively negative PA controls.
Our models were estimated to have PPVs comparable to that of the originally evaluated rule-based algorithms and also identified several patients not flagged by these heuristics. But, as this was a proof-ofmethod concept, we focused on specific predictors selected by domain experts, did not exhaustively explore feature selection and engineering, and excluded patients with incomplete data from analysis. We would expect considerable further gains from more extensive modeling, and we plan to consider suitable missing data approaches to allow inclusion of all patients. In addition, our current method is suitable for developing phenotyping models when the number of potential predictors is far less than the number of records. It is of interest to explore additional predictors across high dimensional EHR data, which we expected would lead to models with improved accuracy and more precise estimates of anchor sensitivity. We plan to extend our current method to facilitate variable selection in building the prediction model.
CONCLUSION
The incompleteness and asymmetry of EHR data limits its use for clinical decision support and research.
We have developed a novel likelihood-based method that uses anchor-positive and unlabeled patients to simultaneously enable accurate model development, identification of unlabeled cases, and internal assessment of model performance. We expect this method will facilitate model development and transferability for a wide variety of EHR clinical decision support and research applications. Note that we have a random sample of (X, S)'s, hence the observations X i 's form a random sample of f (X). Thus, obviously, f (X) is identifiable. Likewise, the observations S i 's form a random sample of the pmf of S, hence h is obviously identifiable. As derived above, the joint pdf of (X, S) is
with unknown parameters h, β, f (X). Note that the observed (X, S) is a random sample from the underlying population, thus f (X) and c are obviously identifiable. Assume that β is not identifiable. Then there exists β * so that p(X, S; β) = p(X, S; β * ) for all (X, S) pairs, which can be formalized as:
I(S=0)
Letting S = 1, this equation reduces to
hP (X; β) P (X; β)f (X)dX = hP (X; β * )
Note that the right hand side of (1) is a positive constant, hence the left hand side is also a constant. When the covariates X j → ∞ if β j > 0 and X j → −∞ if β j ≤ 0, regardless what the intercept term is, P (X; β) → 1 and P (X; β * ) converges to either 1 or 0. Thus, the left hand side goes to either 1 or 0. Because the right hand side is positive, hence we further conclude that the left hand side goes to 1. Because it has to be a constant, this implies that the left hand side is always 1, i.e. P (X; β * ) = P (X; β) at all X. Thus β = β * , i.e. β is identifiable. Once β, h, f (X) are indentifiable, the disease prevalence q = P (X; β)f (X)dX is identifiable by definition.
Appendix B: Phenotyping with an anchor of varying sensitivity
Suppose that the population can be divided into K strata of size N k , where the k th stratum is indicated by z k , k = 1, ..., K. Within each substratum, the anchor has a constant sensitivity. For notational convenience, Z is included as a component of predictors X. The problem is then formalized as stratified conditional independence,
Model (??) remains the working model for prediction, where Z, if not predictive, has a log odds ratio equal to zero. The probability of observed data of an anchor-positive case and an unlabeled patient in each stratum is generalized as below to reflect variation in anchor sensitivity,
The likelihood function becomes the probability of observed data across all K strata,
Parameter identifiability can be shown similarly as in the situation of constant anchor sensitivity. The MLE of β and {c k , k = 1, ..., K} can be obtained by maximizing the log likelihood function l(β, {c k }).
Let q k ≡ p(Y = 1|z k ) denote the phenotype prevalence in the k th stratum. Then q k can be estimated aŝ h k /ĉ k , whereĥ k is the estimated anchor prevalence in the k th stratum,p(
The overall phenotype prevalence q can then be estimated as a weighted summation of q k 's,
Appendix C: Predictive Accuracy Measures
The accuracy measures are defined and further re-written as:
Thus they can be estimated as:
Appendix D: Simulation Studies
We carried out extensive simulation studies to evaluate the performance of our method mainly in three aspects: (i) to demonstrate statistical consistency of our proposed estimators for c, q, and predictive accuracy measures; (ii) to evaluate the impact of model mis-specification on estimation of c and q and predictive accuracy; and (iii) to assess model performance when the anchor sensitivity is not fixed.
Simulation study design We generated the binary outcome variable Y from the following logistic regression model:
with (X 1 , X 2 , X 3 ), (X 4 , X 5 , X 6 ) and (X 7 , X 8 , X 9 ) representing groups of weak, moderate, and strong predictors, respectively. The three corresponding groups of parameter values were set as (β 1 , β 2 , β 3 ) = (0.2, 0.4, 0.6), (β 4 , β 5 , β 6 ) = (−1.0, −1.4, 1.8), and (β 7 , β 8 , β 9 ) = (−2.0, 2.4, 2.8), respectively. We considered four different phenotype prevalences, 5%, 10%, 15% and 20%, by setting the intercept parameter β 0 at values -2.5, 1.0, 3.3 and 5.4, respectively. The 9 predictors were independently distributed, with X 1 , X 4 and X 7 generated from normal distribution N (5, 10), X 2 , X 5 and X 8 from Bernoulli distribution with success rate 0.5, and X 3 , X 6 and X 9 from logit transformed standard uniform distribution. The anchor sensitivity c = p(S = 1|Y = 1) was fixed at 0.5, so that h takes four different values, 0.025, 0.05, 0.075 and 0.1, corresponding to the four different values of phenotype prevalence. In each Monte Carlo experiment, we first generated X for a target population with covariates as described above, then phenotype Y according to model (2) . For each case (Y = 1), the anchor variable S was generated according to a Bernoulli distribution with parameter c. For the controls (Y = 0), we set S = 0. Then we drew a random sample of size 10, 000 as the training set, and pulled a disjoint testing set of size 5, 000. For each parameter combination, we iterated the simulation 1, 000 times. Below we focus our discussion on the results at phenotype prevalence 10%. Results for the other three prevalence values 5%, 15% and 20% were similar and were included in the supplementary materials.
Simulation results When the data-generating model (2) above was fitted to each simulated dataset, the averaged parameter estimates (β) appeared very close to the true values ( Table S3 ). The negligibly small bias (< 4%) indicated statistical consistency of the proposed MLE estimator. The averaged estimated asymptotic standard errors ("SE") and the empirical standard errors ("ESE") were very close with difference < 6%. The anchor sensitivity c was estimated to be 0.500 (SE: 0.021; 95% CI: 0.459, 0.541), and consequently the phenotype prevalence q was estimated to be 0.100 (SE: 0.004; 95% CI: 0.094, 0.106) ( Table S4 ). The fitted model was well calibrated as the nonparametrically-estimated and model-predicted cases numbers were comparable ( Table S5 ). PPV and TPR were estimated to be 0.798 (ESE: 0.056) and 0.852 (ESE: 0.024) respectively with decision threshold set at 0.5, which were very close to the "true values" (when Y is truely observed for everyone) of PPV and TPR at 0.797 (ESE: 0.029) and 0.852 (ESE: 0.024). The AUC was estimated as 0.994 (ESE: 0.003), comparable to the "true value" of 0.993 (ESE: 0.001). The estimated predictive accuracy measures and their "true values" at other decision thresholds are summarized in Table S6 .
To investigate the variation in model performance with respect to anchor sensitivity c, we considered two values for c, 0.5 and 0.2. With 10,000 observations in the training set and phenotype prevalence 10%, taking 0.5 as the decision threshold, the anchor variable helped identify 536 cases when c equaled 0.5 and 797 cases when c equaled 0.2. The estimates of c and q appeared to be consistent in both cases, although those at c = 0.2 had wider confidence intervals as expected (Table S4 ). The predictive accuracy of the fitted models were also comparable (Table S7 ). The OR estimatesβ appeared somewhat biased when c = 0.2. However, the bias largely disappeared when the size of the training set was increased to 20, 000 (Table S8) . The model calibration also improved with the increased training set size (Table S9 ). The number of anchor-positive cases appeared to be most relevant in such bias reduction and calibration improvement in further unreported investigations.
We further explored the impact of model mis-specification on the performance of our proposed method. The models for analyzing EHR data are best considered as working models, and it is difficult to envision an underlying true model. By allowing deviation of the fitted model from the data generating model, we aimed to evaluate whether the resultant lack of fit is detectable by our method of assessing calibration and to evaluate whether our method of assessing calibration can inform unbiasedness of parameter estimation. Omission of weak predictors (X 1 , X 2 , X 3 ) from model (2) had minor impact on model calibration and accuracy. However, omission of the strong (X 7 , X 8 , X 9 ) predictors led to poor model calibration. The nonparametrically-estimated case numbers were very different from the model-predicted case numbers as shown in Table S5 . Parameter estimation was sensitive to model misspecification as expected. The estimate of anchor sensitivity c was 0.496 (SE: 0.023; 95% CI: 0.451, 0.541) and 0.358 (SE: 0.110; 95% CI: 0.142, 0.574) under the two mis-specified models respectively. The phenotype prevalence q was correspondingly estimated as 0.101 (SE: 0.004; 95% CI: 0.093, 0.109) and 0.221 (SE: 0.036; 95% CI: 0.150, 0.292) respectively, where the bias in the latter estimate appeared to be biased as the 95% CI did not include true value 0.100 (Table S4 ). To summarize, the impact of model-misspecification on the performance of our method can be large, but can be detected through model calibration.
To assess the model performance when the anchor sensitivity varies, we simulated a new population following the same steps as above, except that it consisted of two strata indicated by a binary variable Z that takes value 0 or 1 with probability p(Z = 1) = 0.5. Conditional on the phenotype the anchor variable was independent of all predictors within each strata, with c 1 = p(S = 1|Y = 1, Z 1 ) = 0.2, and c 2 = p(S = 1|Y = 1, Z 2 ) = 0.8. Applying the proposed method that takes the stratified conditional independence into account, the parameter estimates,β,ĉ 1 ,ĉ 2 ,q, appeared consistent (Table S10 ). The anchor sensitivity c 1 was estimated to be 0.201 (SE: 0.025; 95% CI: 0.151, 0.251), c 2 was estimated to be 0.800 (SE: 0.022; 95% CI: 0.757, 0.843), and consequently the phenotype prevalence q was estimated to be 0.100 (SE: 0.004; 95% CI: 0.091, 0.109). The fitted model was well calibrated and demonstrated good predictive accuracy (Table S11, S12). On the other hand, if the variation in anchor sensitivity failed to be recognized, the fitted model can lead to biased parameter estimates (Table S10) , and notable decrease in predictive accuracy. The "true values" of T P R dropped from 0.845 to 0.516 at decision threshold 0.5, and AU C dropped from 0.993 to 0.976, although not much decrease was observed on P P V . (Table S12 ). To conclude, it is crucial to recognize the stratification, especially when the anchor sensitivities varies a lot. Tables Table S1. Notes query table   Key words  Expression  hyperaldo hyperaldo hyperaldo_spec (?<!not\s)(?<!secondary\s)(?<!ruled out\s)(?<!ruling out\s)hyperaldo primary_hyperaldo_spec (?<!not\s)(?<!secondary\s)(?<!ruled out\s)(?<!ruling out\s)primary hyperaldo primary_aldo primary aldo primary_aldo_spec (?<!not\s)(?<!rule out\s)(?<!n t suggest\s)primary aldo avs adrenal vein sampl|\bavs\b bah bilateral adrenal hyperplasia|\bbah\b bah_spec (?<!not\s)bilateral adrenal hyperplasia|(?<!not\s)\bbah\b aldo_producing_adenoma aldo\w{0,7} Mean: the meanβ estimate; Bias: the difference between the meanβ and the true value of β; SE: the mean asymptotic standard error estimate; ESE: the empirical standard error estimate Table S4 . Estimatedĉ andq (95%CI) over 1000 replications. The logistic model was correctly specified ("T rue M odel"), with three weak predictors ("M isspecif ied − M odel 1 ") omitted, or with three strong predictors ("M isspecif ied − M odel 2 ") omitted. 2 : the fitted model failed to recognize the variation in anchor sensitivity. Table S11 . Model-predicted vs. nonparametrically-estimated case numbers in the pre-defined intervals of predicted probabilities for stratified conditional independence with c 1 = 0.2 and c 2 = 0.8 at 10% phenotype prevalence. Results are presented as the mean estimate over 1000 iterations. Table S18 . Model-predicted vs. nonparametrically-estimated case numbers in the pre-defined intervals of predicted probabilities for the baseline models.
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